Aiming at the sensitivity of fuzzy C-means (FCM) method to the initial clustering center and noise data, and the single feature being not able to segment the image effectively, this paper proposes a new image segmentation method based on fuzzy clustering with cellular automata (CA) and features weighting. Taking the gray level as the object and combining fully the image feature and the spatial feature weighting and FCM, this paper quickly realizes the fuzzy clustering of the images segmentation by the CA's self-iteration function and finally discusses the effectiveness and feasibility of the proposed method in long-term sequences satellite remote sensing image segmentation. Our experiments show that the proposed method not only has fast convergence speed, strong anti-noise property, and robustness, but also can effectively segment common images and long-term sequence satellite remote sensing images and has good applicability.
Introduction
In recent years, as an important technology of pattern recognition and computer vision, image segmentation has been focused by researchers all over the world [1] [2] [3] . The image segmentation types can be divided into four categories from different angles, such as feature space clustering, edge-based, region-based, and model-driven [4, 5] . At present, the feature space clustering method (e.g., K-means clustering method) is the most popular image segmentation method due to the simple principle, easy calculation, and good segmentation effect.
The cellular automata (CA) are a dynamic model in which the object's time, space, and state are discrete. It has powerful parallel computing ability and high dynamic and space concept and can effectively simulate the spatiotemporal dynamic evolution process of complex system [6, 7] . Since the introduction of CA concept in the late 1940s, it has been widely used in traffic problems, population migration, environmental monitoring, etc. [8] [9] [10] [11] . However, its application in the field of image processing is still less, and the achievements are still inadequate [12] . Feature weighting is completely different from the traditional idea of image classification [13] . In the conventional image classification methods, multiple image features are treated in the same way and have equal importance. However, the actual situation is that not every contribution of image feature is the same to the image classification, that is, feature weighting [14, 15] . Fuzzy C-means (FCM) can realize image segmentation by maximizing the similarity among objects divided into the same cluster and minimizing similarity among the different clusters. It has the characteristics of simple calculation and fast speed and is able to effectively overcome the uncertainty and ambiguity in image processing [16] [17] [18] [19] . What is more, due to the similarity of the gray level among the image regions and the sensitivity of FCM to the sample data, when the images is segmented only by a single FCM method, it is easy to get trapped in a local optimum, the boundary is blurred and it shows the untidy boundaries and the poor visual effect.
Work in this study is focused on the image segmentation algorithm based on fuzzy clustering with CA and features weighting. The rest of the paper is constructed as follows: Section 2 describes the proposed method. Section 3 presents the experiments of our study including resolutions, efficiency, and anti-noise property. Section 4 devotes and explores the satellite remote sensing image segmentation by the proposed method. Finally, conclusions are drawn in Section 5.
Proposed method

Basic theory
(1) CA model Corresponding to the digital image, each image pixel can be regarded as a cell in CA model, and then the entire image is a cell space. It often contains cell space, cell state, cellular neighbor, and evolutionary rule. Cellular neighbor can be defined as a cell adjacent to a cellular in space, and the region composed of all neighboring cells is called its neighborhood. Evolutionary rule means the rules that determine the cell's state at the next moment according to the current cell and its neighborhood and further update and evolve by the interaction among cells. Sometimes, it is also called state transfer function and is the key to the whole CA model.
(2) Feature weighting Color features are less affected by image size, orientation, and viewing angle and have strong robustness and objectivity. At present, it has been widely applied in image processing. And color features are usually represented by a color histogram.
The detail process could be described by the following:
where q is color histogram; I(x, y) is the pixel point of the coordinate(x, y); B c is the interval number of the color histogram; b is constant, b = 1, 2, …, n; and the similarity measure is Bhattacharyya distance. Spatial histogram contains the mean value and covariance of each pixel in the regional space, which can effectively supplement the spatial distribution information of missing pixels in the color histogram. The similarity measure of spatial histogram can be calculated by:
where the weighted value φ b is the spatial similarity, [20, 21] . Supposed that the image X = {x 1 , x 2 , … , x n } is a collection of n pixels, x j is the eigenvalue of the image pixel, c is the number of categories, and V = {v 1 , v 2 , … , v c } is the cluster center collection. Let objective function J m satisfy the constraint P C i¼1 u ij ¼ 1ðu ij ∈½0; 1Þ:
where u ij is the membership of the j-th sample and the ith category; m is the weighted index, and usually m = 2; and d
is the Euclidean distance from the sample point x j to the cluster center v i .
The objective function J is the sum of squares of the weighted distances from the image pixel points to the respective cluster centers. The smaller the value, the closer the pixel points are to cluster center, and the better the clustering effect is [22] [23] [24] [25] [26] . (1) Enhancement and extraction of subject area by CA model Firstly, expand the binary image to a grayscale image. The grayscale value of the image pixel is extended from 0 to 255 (namely L = 256), and correspondingly, the CA model is also extended from the binary state to the multi-value state.
Secondly, define the cell as the gray level of the image to be separated. The basic idea is to keep the pixel values of the boundary region constant, and the pixel value of the image's uniform region gradually approaches 0 instead of being directly equal to 0.
Thirdly, continuously update the state of the central cell, improving the classification accuracy of the central cell and further enhancing the contrast of image. And the calculation process can be described as the following: when θ t (p) ≤ θ max − θ min , the result θ t (p) is regarded as the result θ t + 1 (p), that is, θ t + 1 (p) = θ t (p). Otherwise, θ t + 1 (p) = θ max − θ min , where θ max and θ min are the maximum and minimum values of cell morphology in its neighborhood at time t, respectively.
(2) Segmentation based on fuzzy clustering by feature weighting
The membership function in FCM only describes the similarity measure between the intensity feature and the cluster center and does not consider the spatial feature among the pixel points [27] [28] [29] . To overcome the limitation, according to the contribution, the color features and spatial features are assigned separately different weight values in this study, and further fused in terms of the certain rules.
Let n features conditionally independent, then a uniform distribution is added to the observed probability values of each feature and finally taken their product after the normalization. The detail calculation equation can be shown below:
where β i is the uncertainty of i, U(x)is the discrete uniform distribution, n is the number of image features. Next, the corresponding weight values are assigned to different features, and then the new comprehensive feature of the image can be described according to the following equation:
where T is the comprehensive feature of the image; T 1 and T 2 represent color feature and spatial feature, respectively; and α and β are the weight values of color features and spatial local feature, respectively. In this experiment, α and β represent the 10 decimals (0.1, 0.2, …, 1.0) between 0 and 1, respectively, and each image feature is described by the new comprehensive features obtained from weighted fusion. Finally, the segmentation experiment based on fuzzy clustering is performed on the enhanced image. The membership function of fuzzy clustering and cluster center in FCM is continuously updating with the comprehensive weighting features, and finally, the high-precision image segmentation is realized. In this section, the validity and feasibility of the proposed algorithm is evaluated from the points of different resolutions image, segmentation results and efficiency of the different algorithm, and anti-noise ability. The experimental data tested in the study are selected from the Berkeley image segmentation dataset. Test experiments are performed on PC with Intel (R) Core (TM) i5@1.70 GHz CPU and 4GB memory in MATLAB R2009a environment.
Segmentation experiments with different image resolution
Taking the three photographer images with different resolution as the test images, the image segmentation is performed by the proposed fuzzy clustering image segmentation method based on fuzzy clustering with CA and feature weighting and then further recorded the corresponding segmented time. In this test, the specific parameters of the setting environment include that the number of clusters is 3, the fuzzy weighting index is 2, the gray level of the test image is from 0 (the darkest) to 255 (the brightest), and the iteration threshold is 10 −5 . Figure 1 shows the photographer images with resolution 64 × 64, 128 × 128, and 256 × 256, respectively.
As can be seen from Fig. 1 , with the decrease of the image resolution, the image clarity gradually decreases. Meanwhile, the visual effect also gradually degraded. Figure 2 shows the detailed segmentation results of photographer images with different image resolutions. Table 1 shows the detailed consuming time by the proposed method to segment the above three photographer images, respectively.
It can be clearly seen from Table 1 that the consuming time taken by the proposed method rapidly decreases with the decreases of the image resolution, and the segmentation speed is also gradually getting faster and the operation effect is better. This is mainly because the proposed method makes full use of image color features and spatial features. The method can enhance the image object's brightness and greatly accelerate the calculation speed by weighting features and CA's self-iteration and further significantly improve the image segmentation efficiency.
Segmentation results and efficiency of different algorithm
Taking Lena image (see Fig. 3 ) as the data source, the FCM, K-means, and kernel fuzzy C-means (KFCM) [30] [31] [32] 
methods were introduced in the experiment to discuss and analyze the segmentation performance. Figure 4 shows the convergence curve obtained by the above several methods in the experiment. As can be seen from Fig. 4 , the above four methods can converge and get the global optimal solution after 15 times iterations. Among them, the segmentation effect of proposed method is stable, and the image quality is good. The function value of Lena is less than 0.12, which is lower than FCM, K-means, and KFCM methods. In order to save time and improve operating efficiency, the proposed method in this study can get good image segmentation results when the number of iterations is 15 times. The segmentation result of Lena image is shown in Fig. 5 .
As can be seen from Fig. 5 , the four methods basically implement the segmentation of Lena image. Whereinto, the proposed method not only effectively eliminates some independent plaque information, but also significantly improves the segmentation image quality and has better robustness. The visual effect of segmentation image is obviously better than by other methods. In addition, the segmentation images by FCM, K-means, and KFCM methods have discontinuous edge points. That is, some independent plaque and points are regarded as edge information was extracted, and to blur the image edges, it cannot detect the complete edge information due to the serious misclassification. In contrast, the image enhancement can be performed by the proposed method with CA and feature weightings, and it can get better segmentation image. Table 2 shows the comparison of the consuming time between the proposed method and other three methods. In order to avoid contingency, the iteration number and consuming time in Table 2 have employed the average value of 20 times experiments in the test.
As can be seen from Table 2 , the average consuming time of FCM, K-means, and KFCM reached 47.85 s, 35.84 s, and 26.98 s respectively. Compared to the above three methods, the average consuming time of the proposed method in this study is relatively small and is only with 19.88 s. This is mainly because the FCM, K-means, and KFCM methods have to run 125, 102, and 74 times iterations to converge respectively and increase the computation time to some extent with the same cluster center number. However, the proposed method can realize convergence based on 52 times of iterations and greatly accelerates the computation speed. Therefore, in the case of the same number of experiments, the proposed method in this paper can significantly reduce the number of iteration times and speed up the image segmentation.
Anti-noise property analysis
In the experiment, taking the Peppers image as the data source, the salt-pepper noise with density of 0.1 was added to the source image to analyze the anti-noise property of proposed method. Figure 6 shows original Peppers image, noisy image, and the corresponding frequency spectrogram. It can be seen from Fig. 6 , the coordinate origin is in the upper left corner of the window, the high frequency components are distributed in the middle of window, and the low frequency components are distributed on the four corners of the window. In contrast, in the frequency spectrogram of noisy image, the coordinate origin moves to the central portion of the window, the low frequency component is distributed around the coordinate origin and high frequency component in the peripheral region, and it is also shown in Fig. 6 .
Subsequently, the Peppers noisy image was tested by the segmentation methods and the results are shown in Fig. 7 .
It can be clearly seen from Fig. 7 that the traditional FCM and K-means methods were obviously interfered by the noise information. This is because the background information in the images was mixed with noises, which affected the features of the obtained images and led to the obvious misclassifications, and resulted in the poor segmentation effect. In contrast, KFCM method can reduce the influence of the noise by introducing the kernel function and improve the image segmentation effect. In this paper, the proposed method finally realizes the image segmentation based on fuzzy clustering by the CA and image color-spatial feature weighting, eliminates the influence of partial noise on image quality to some extent, and further enhances the anti-noise property and robustness.
In addition, to quantitatively evaluate the anti-noise property of proposed method, the peak signal to noise ratio (PSNR) and consuming time of CPU are introduced to evaluate the segmentation results. The results are shown in Table 3 . For PSNR, thresholds that are too large and too small are not suitable for de-noising. In our experiment, when the threshold finally was chosen as 0.5 after many tests, the image not only has less residual noise but also the edge texture is well protected.
As can be seen from Table 3: (1) From the perspective of PSNR, the PSNR value of proposed method reached 22.52, which is followed by the KFCM method, and the FCM and K-means methods have the smallest ones. It indicates that the proposed means has the best anti-noise property and the best image segmentation quality, followed by the KFCM method, while the traditional FCM and K-means methods have the relatively poor anti-noise property.
(2) From the perspective of CPU consuming time, the overall change is consistent with the PSNR's. The proposed method takes the least time and reached 12.55 s, which is followed by KFCM and reaching 18.4 s, while the FCM and K-means methods are time-consuming and relatively computationally inefficient.
(3) In terms of comprehensive PSNR and CPU consuming time, the proposed method is superior to the other methods. It has not only high anti-noise property and image quality, but also less time-consuming and relatively higher segmentation efficiency, and can quickly realize high-precision image segmentation based on the fuzzy clustering by the CA and image color-spatial feature weighting.
Results and discussion in satellite image segmentation
In this section, taking moderate resolution imaging spectroradiometer (MODIS) satellite remote sensing image as the data source, we used the images on 19 April 2010 and 11 May 2010 to segment the volcanic ash cloud information by proposed image segmentation method which is based on fuzzy clustering by the CA and image color-spatial feature weighting.
The MODIS sensor was mounted on the Terra/Aqua satellite and successfully launched on December 18, 1999 . It has a total of 36 discrete bands, and the spatial resolution is 250 m, 500 m and 1000 m; the maximum scan width is 2330 km. The data preprocessing mainly includes geometric correction, striping processing, and cropping. The preprocessing is programmed and implemented on ENVI 4.6 software, and the preprocessing MODIS image of Eyjafjallajökull volcanic ash cloud is shown in Fig. 8 .
Image segmentation results of volcanic ash cloud
Next, the MODIS images of long-term sequence volcanic ash cloud on 19 April 2010 and 11 May 2010 were implemented in this study by the proposed image segmentation method based on fuzzy clustering by the CA and image color-spatial feature weighting in this study, and the segmentation results are shown in Fig. 9 . It can be clearly seen from Fig. 9 that the Eyjafjallajö-kull volcanic ash cloud distribution of long-term sequence on 19 April 2010 and 11 May 2010 was accurately identified by the proposed image segmentation method. And what is more, the image quality and the visual effect of the segmented volcanic ash cloud are good; meanwhile, the broken spots are fewer. However, the proposed image segmentation method has certain disadvantage, such as the scope of identified volcanic ash cloud is very narrow; it is also shown in Fig. 9 . This is mostly because of the ignored weak information of volcanic ash cloud in the fuzzy clustering with CA and features weighting.
Discussions
(1) Thematic information extraction of volcanic ash cloud
In this section, the 500 proofreading data points were randomly generated in the experiment and the performance of volcanic ash cloud segmentation was evaluated by confusion matrix method. The accuracy evaluation of MODIS image segmentation is shown in Table 4 . Table 4 depicts the accuracy evaluation of MODIS satellite remote sensing images by proposed method in this study, and it clearly shows that the proposed image segmentation method based on fuzzy clustering by the CA and image color-spatial feature weighting has achieved a good identification of Eyjafjallajökull volcanic ash cloud from the long-term sequence satellite remote sensing images. The total accuracy of volcanic ash cloud segmentation on 19 April 2010 and 11 May 2010 reached 87.50% and 89.25% respectively, and the Kappa coefficient reached 0.8014 and 0.8154, respectively. This is also consistent with the above volcanic ash cloud segmentation results (Fig. 9) . The volcanic ash cloud from long-term sequence satellite images segmented by the proposed method does not show obvious fragmentation and misclassification, and the segmentation image quality is good. That is, the proposed method in this study basically achieves better segmentation accuracy and visual effects in different development stages of the typical Eyjafjallajökull volcanic ash cloud case.
(2) The existing research results In view of the huge impact of the Eyjafjallajökull volcanic ash cloud in April-May 2010, many researchers and institutes have tracked and predicted the eruption and diffusion of volcanic ash cloud [33, 34] and achieved many meaningful results which contain aerosol absorption index (AAI), 500 hpa height analysis data over the North Atlantic, spatial distribution, and SO 2 distribution (Fig. 10) . Especially, the AAI and SO 2 distribution are often referred to as the indicators of volcanic ash cloud identification.
It can be seen from Fig. 10 that volcanic ash cloud distribution segmented by proposed method from long-term sequence satellite remote sensing images is basically consistent with the existing research results and the relevant information released by the Volcanic Ash Advisory Centre (VAAC). It partially indicates that the proposed image segmentation method based on fuzzy clustering by the CA and image color-spatial feature weighting is effective and feasible in satellite remote sensing image segmentation at various stages of volcanic ash cloud.
Conclusions
This paper has proposed a new image segmentation method based on fuzzy clustering by the CA and image color-spatial feature weighting. Combining image colorspatial feature weighting and the CA's self-iteration, it speeds up the convergence of image segmentation and further improves the accuracy of initial clustering center and segmentation efficiency. Experiments show that the proposed method not only effectively achieves image segmentation, but also significantly improves the anti-noise property and robustness by CA and image color-spatial feature weighting. Then the image segmentation of long-term sequence satellite remote sensing image has been implemented and discussed by the proposed method and has achieved good identification results of volcanic ash cloud.
Fuzzy clustering can effectively solve the general uncertainty in image segmentation because of the powerful fuzzy description ability and has great advantages in the field of image processing. However, in fact, the image has multiple features. Meanwhile, it may also have different combinations in accordance with the detail application. Meanwhile, the FCM method is sensitive to the initial clustering center and noisy data. Therefore, in the follow-up work, we will try to extract more image features, find out the optimal feature combination, improve the segmentation speed and efficiency, and further apply to the satellite remote sensing image classification. 
